Drought affects the growth and development of plants and can cause crop failure. As an important edible and medicinal plant, okra (Abelmoschus esculentus L. Moench) is very popular in China and shows strong resistance to drought. In this study, gene expression profiles of okra leaves were investigated under water-limited conditions at the seedling stage. A total of 94,769 unigenes with an average length of 1921 bp and an N90 of 981 bp were obtained through next-generation sequencing. Furthermore, 38.18% of total unigenes were annotated in NT, NR, COG, KEGG, and SwissProt databases. A total of 2276, 5626, 11,719, 14,892, 855, 4593, and 5170 differentially expressed genes (DEGs) in seven pairwise comparisons (A5 vs. A0; A7 vs. A0; A15 vs. A0; A20 vs. A0; A7 vs. A5; A15 vs. A7, and A20 vs. A15) were identified. Among these, 22,751 DEGs were up-regulated, and the number was slightly more than that of the down-regulated DEGs. The number of up-regulated DEGs among different samples increased with increasing drought stress. We identified that the majority of DEGs were related to ''integral component of membrane'', ''oxidation-reduction process'', and ''metal ion binding'' categories. Pathway analysis revealed that most DEGs were enriched in ''Biosynthesis of secondary metabolites'', ''Carbon metabolism'', and ''Glycolysis/Gluconeogenesis pathways''. Additionally, a total of 17,456 simple sequence repeat motifs, 47,9831 single nucleotide polymorphisms, and 3746 transcription factors were identified in this study. RNASeq data were also verified by RT-qPCR. Our findings engender a further understanding of molecular mechanisms in response to drought stress.
Introduction
Okra (Abelmoschus esculentus L. Moench) belongs to the Malvaceae family and is one of the most important vegetables worldwide. It is used as both a food source and a medicinal resource (Dhankhar et al. 2005) . Because it is rich in amino-acids, vitamins and mineral elements (iron, potassium, and calcium), okra is extremely popular today (Salameh 2014) . Most okra cultivation is conducted exclusively in developing countries and particularly in Jiyue Wang and Yu Bai: co-first author.
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African countries (2.25 MT ha -1 ). It is also grown in n India, China, Turkey, and USA. India is the largest okraplanted country, with an area of over 0.5 million ha, followed by Nigeria and Sudan, which produce 6.3 million MT per year (Varmudy 2011; Faostat 2014) . Extensive previous research has mostly focused on cropping systems (Anonymous 2015), nutritional components (Calisir et al. 2005) , heredity and breeding (Kumar et al. 2017; Mishra et al. 2017) , fresh maintenance (Tajiri 2011 ) and processing technology (Rai and Balasubramanian 2009 ). However, reports on the molecular mechanisms of okra are relatively few.
Studies have shown that drought-stress induce a series of physiological and morphological changes in plants, for example: growth inhibition and reduction in crop yields (Elagib 2014) , enhancement of root systems and root-shoot ratios (Lu et al. 2014) , regulation of the closure of stomata (Wan et al. 2009 ), disruption of photosynthesis (Zivcak et al. 2013) , activation of respiration (Sperlich et al. 2016) , accumulating compatible solutes and protective proteins (Ogbaga et al. 2016; Sperdouli and Moustakas 2012) , and the strengthening of anti-oxygenic enzyme activity (Bhaskara et al. 2015; Hu et al. 2015) . These changes are controlled by gene expression, which is particularly affected by biotic and abiotic factors in the environment.
The RNA-sequencing (RNA-Seq) technique is considered to be an effective and feasible method for analyzing the gene expression profiles of plants and is an accepted method for studying a suite of traits such as drought resistance and salt resistance (Mortazavi et al. 2008; Shen et al. 2016; Wang et al. 2009 ). Previous studies have identified drought-tolerant genes in rice, wheat, and some other plant models, based on their genomic information. Recently, arid-resistance genes have been found in some non-model plants using RNA-Seq, such as Populus trichocarpa (Tang et al. 2015) , Gmelina arborea (Rosero et al. 2011) , Camellia sinensis (Paul et al. 2014) , Hordeum vulgare var. Nudum (Zeng et al. 2016) , Glycine max , Phormium tenax (Bai et al. 2017) , and Pyrus betulaefolia .
Some studies on the transcriptomes of okra have been reported (Schafleitner et al. 2013; Zhang et al. 2017 ) using next-generation sequencing (NGS). However, owing to the lack of a reference genome, few drought-resistant genes have been identified in okra. In this study, we examined the transcriptome of okra under drought stress conditions to obtain the gene expression patterns of okra and to identify drought-tolerant genes. We detected the physiological and biochemical response of okra to drought stress. These results will further improve our understanding of droughttolerant mechanisms in okra.
Materials and methods

Plant materials
'Xianzhi', the drought tolerant okra cultivar from the Zhenjiang province of China, was cultivated in a greenhouse in the Guiyang University in Guizhou province, China. Blades from seedling cuttings were used to extract total RNA.
Drought stress treatment
Okra plants were cultivated for 35 days at 70% humidity and a temperature of 25 ± 2°C. Firstly, plants were planted by direct seeding into a basin containing nutrientenriched soil. After sprouting, the seedlings were watered every 2 days, then after an adaptation period of 2 weeks, dehydration treatment was applied to all plants. Leaves were collected from the seedlings after 0, 5, 7, 15, and 20 days of dehydration treatment. They were then kept in liquid nitrogen for RNA extraction and stored at 80°C in an ultra-low temperature refrigerator. The five treatments were marked as A0, A5, A7, A15, and A20 (taking samples under different drought conditions), respectively. Each treatment was repeated three times. A total of 15 samples were collected and used in RNA-Seq.
RNA-Seq
Total RNA was extracted from the blade of each sample using the Trizol kit (Takara Bio Inc., Beijing, China). The A260/A280 ratios of all RNA samples were varied in the range of 1.8-2.1. The quality of the RNA sample was determined with an Agilent 2100 Bioanalyzer, and samples without degradation were selected for RNA-Seq.
Beads with oligo (dT) were used to isolate poly (A) mRNA. A fragmentation buffer was added to digest mRNA into short fragments. The first-strand cDNA was synthesized with random hexamer-primers, taking these short mRNA fragments as templates. The second-strand cDNA was obtained using buffer, dNTPs, RNase H, and DNA polymerase I. Purification was conducted with a QIAquick PCR purification kit (Takara Bio Inc. Beijing, China) and resolved with EB buffer. For end reparation and poly (A) addition, these short fragments were then connected to sequencing adaptors. Those suitable fragments were selected as templates for amplification with PCR. The constructed library was qualified with an Agilent 2100 Bioanalyzer and ABI StepOnePlus real-time PCR System. Finally, the library was sequenced on the Illumina HiSeq 2500 system. Before the bioinformatics analysis was performed, quality control was required in order to detect whether the data were suitable. Filtering the raw data is needed to remove unwanted noise from the data. Therefore, lowquality reads, adaptor sequences and reads with an excess of N were removed by using in-house Perl scripts. We defined the baseline as a sequencing quality of no more than 10 and ratios of unknown bases more than 10% as low quality, which would be filtered out. After filtering, the clean reads were used for all subsequent analyses.
De novo assembly and functional annotation
All clean reads from the 15 samples were mixed and assembled from scratch using Trinity (http://trinityrnaseq. sourceforge.net/). All assembled clean data were aligned to transcripts using Bowtie2 with default settings (http://bow tie-bio.sourceforge.net/Bowtie2/index.shtml). 
Gene expression analysis
The differentially expressed genes (DEGs) among the six samples were analysed using DESeq2 (http://www.bio conductor.org/packages/release/bioc/html/DESeq2.html). The threshold of log2 fold-change C 1 and the false discovery rate (FDR) \ 0.05 in multiple tests was used to define the DEGs. The log2 fold-change C 1 means a foldchange value of gene expression levels C 2.
Gene Ontology (GO) is an internationally standardized gene functional classification system that offers a dynamically-updated controlled vocabulary and a strictly defined concept to comprehensively describe properties of genes and their products in any organism. The GO terms fulfilling this condition were defined as significantly enriched GO terms in DEGs. This analysis was able to recognize the main biological functions of DEGs. Different genes usually cooperate with each other to exercise their biological functions. The pathway-based analysis helps us to further understand the biological functions of genes. The KEGG database is a major public pathway-related database. Pathway enrichment analysis identifies significantly enriched metabolic pathways or signal transduction pathways based on DEGs.
Coding sequences (CDSs) predication
The tool ESTScan (http://www.ch.embnet.org/software/ ESTScan2.html) was used to predict the potential proteincoding sequences.
SSR and SNP/InDel analysis
Simple Sequence Repeat (SSR), also known as microsatellite DNA, is a segment of DNA composed of 1-6 nucleotides in the genome, repeated several times. The SSR unigene sequences can be detected using MicroSatellites (MISA). The length of the sequence from SSR repeated units before and after on the genes were screened. Those SSR whose sequence was less than 150 bp were retained. The primer design of detected SSR was carried out with Primer 3 (default parameters). Representative Microsatellites DNA (unit size/minimum number of repeats) was described as 1/12, 2/6, 3/5, 4/5, 5/4, and 6/4. The maximum number of bases interrupting 2 SSRs in a compound microsatellite was 100. Single-nucleotide polymorphism (SNP), also called mutational site was referred to in our study as RNA sequence variation occurring when a single nucleotide (A, T, C, or G) differed among samples. Insertion-deletion (InDel) was defined as an insertion or deletion of small fragments occurring in a sample, relative to the reference genome. We used the BWA tool to align the clean reads of each sample to the transcript. The SNPs/InDels from each sample were identified using GATK. The SNPs/InDels were annotated and counted after deep filtering.
TF analysis
Transcription factor (TF), also known as trans-action factor, has been found to be abundant in plants, animals, fungi and bacteria. Firstly, the Hidden Markov Model (HMM) profiles of a known transcription factor were collected from various databases, such as PlantTFDB (Jin et al. 2014) , AnimalTFDB , FTFD (Park et al. 2008) and DBD (Sarah and Sarah 2006) , and published literature. Secondly, the protein sequence was aligned to the HMM profiles of known transcription factors using hmmsearch.
Validation of RNA-Seq
To validate the expression levels of DEGs, quantitative real-time PCR (qRT-PCR) was performed. For DEGs, specific primers were designed in conserved domains (Table S1 ). Total RNA from the leaves under different drought stress conditions (A0, A5, A7, A15, and A20) was extracted using the Trizol kit (Invitrogen, USA). Firststrand cDNA synthesis was performed using PrimeScript RT Reagent Kit with gDNA Eraser (Takara) and PCR amplification using PrimeSTAR HS DNA Polymerase (Takara). Quantitative real-time PCR (qRT-PCR) was performed using the commercial kit (AccuPower Ò 2X Greenstar qPCR Master Mix) (Bioneer Inc., Korea). A total of 20 lL reaction mixture consisting of 10 lL of 2 9 Master Mix, 0.5 lL of each primer (10 lM), 2 lL of cDNA template and 7 lL RNA-free H 2 O. b-Actin was assigned as internal control genes for qRT-PCR. Relative amounts of gene expression were calculated using the 2 -DCt method. Non-template controls and melting curve analyses were performed for each gene during each run. Each sample was repeated three times.
Measurement of physiological parameters
Leaves were collected from seedlings after 0, 5, 7, 15, and 20 days of dehydration treatment for enzyme activity measurements. Photosynthetic rate (Pn), stomatal conductance (Gs) and CO 2 concentration (Ci) were determined from 9:00 a.m. to 12:00 a.m. using an LI-6400 portable photosynthetic analyzer. The chlorophyll content of the leaves in the middle of the main stem was determined by UV-2450 ultraviolet spectrophotometry. The soluble protein content was determined using Coomassie's brilliant blue staining assay. The anthrone colorimetric assay was used to determine the soluble sugar content. The indanone assay was used to determine free proline content. Malondialdehyde content (MDA) was determined using thiobarbituric acid chromatometry.
Results
RNA sequencing and read assembly
A total of 751,403,932 reads with a length of 250 bp were obtained from the 15 samples. All reads produced from this study were deposited in the National Center for Biotechnology Information (NCBI) and can be downloaded from the Short Read Archive (SRA accession: PRJNA514435) Sequence Database using the accession number. There were 94,769 unigenes with an N90 of 918 bp generated after assembling all the clean reads and filtering out lowgrade reads (p \ 2) and redundancy by using TGICL (Table S2 ). The mean value of percent GC-content was 40.67%. Total mapped reads among the 15 samples were from 68.47 to 74.75% and the unique mapped reads of samples varied in the range of 19.38-21.54%. The unigenes with lengths of [ 3000 bp (17,630) accounted for 19.94%, while unigenes with lengths of 2300-3000 bp 
Functional annotation of unigenes
All the assembled unigenes with an E-value of less than 1e -5 were aligned to five databases by Blast. These databases were NT, NR, COG, KEGG, and SwissProt. The GO annotations were carried out using Blast2GO with default parameters, based on the NR annotation results. A total of 74,981, 64,239, 58,398, 75,166 and 33,467 transcripts were detected in the NR, SwissProt, KEGG, NT and COG databases, respectively. There were 30,989 transcripts possessing homologous sequences in these databases, while approximately 16% of transcripts were not identified in them (Fig. 2) . Venn diagrams (Fig. 2) showed that 30,989 unigenes were shared in the same five databases. Only nine and ten unigenes were uniquely annotated in KEGG and COG, respectively. There were 74,981 unigenes found in the NR database. Based on NR annotations, the three top hit species were Gossypium raimondii (56.66%), Theobroma cacao (15.93), and Gossypium arboreum (15.09) (Fig. 3) .
Regarding the similarity distribution, approximately 40% of the annotated sequence had higher similarity than 80%. Based on GO annotations, 58,219 unigenes were classified into 64 categories. Most unigenes were categorized in ''biological process'', followed by ''cellular process'', and ''molecular function'' (Fig. 4 ). There were 1, 479, 68 unigenes grouped into ''biological process'', which were annotated within 23 classes. Among the transcripts categorized in ''biological process'', 32,509 were involved in ''metabolic process'' accounting for its largest proportion, followed by 20,157 in ''single-organism process'', and 11,220 in''biological regulation''. Among the unigenes that were categorized in ''molecular function '', 30,895 and 29,378 were mostly involved in ''binding'' and ''catalytic activity'', respectively. Within cellular components, the assignments were mostly related to ''cell part'' (28,590), ''membrane'' (23,042), and ''organelle' ' (20,460) .
All these unigenes were aligned against the COG database to check the completeness of Abelmoschus esculentus L. transcriptome library and to assess the effectiveness of the annotation process. In total, 3,3467 unigenes (35.31%) were grouped into 25 COG categories (Fig. 5 ). The largest category was ''general function prediction only'' containing 11,889 (12.55%), followed by ''transcription'' (6380; 6.73%), ''replication, recombination and repair'' (5, 860; 6.18%), ''signal transduction mechanisms'' (5199; 5.49%) and ''posttranslational modification, protein turnover and chaperones'' (5022; 5.30%). Only a few unigenes were assigned to ''extracellular structures'' (45) and ''nuclear structure'' (9). The unigenes assigned to ''function unknown'' accounted for 3.03% (2868).
To further understand the function of gene products in A. esculentus under drought conditions, 58,398 unigenes were classified into 134 KEGG pathway items (Fig. 6) and 52,242 unigenes belonged to ''metabolic pathways''. Among these, the majority (44.67% of 58,398) belonged to ''global and overview maps'' (23,338). There were 15,009 (25.70% of 58,398) unigenes assigned to ''genetic information processing''. Among these, 71.46% (10,725 of 15,009) were related to ''translation'' (6233) and ''folding, sorting and degradation'' (4492). Interestingly, 3679 unigenes were involved in ''environmental information processing''.
Prediction of coding sequences (CDSs)
According to functional annotation, 76,328 CDSs were found by BLASTx and 1180 CDSs were predicted by ESTScan. The length distribution of the CDSs (A) and its predictable peptide sequences (B) are shown in Fig. S1 . 
Gene expression
We calculated the expression levels of the unigenes from the 15 samples by using the FPKM method (fragments per kilobases per million fragments), which is currently a commonly used methodology. To ensure the reliability of the experimental data, we carried out three replicates for each treatment. The results of a correlation analysis showed that the correlation index between these replicates ranged from 0.86 to 0.98 (Fig. S2) , suggesting that the sequencing data from RNA-Seq was reliable and provided an important guarantee for subsequent analysis.
Analysis of differential gene expression
An analysis of differential gene expression was conducted to determine the expression levels of genes, which were significantly altered in different samples or under different experimental conditions. The DEGs were obtained through pairwise comparison between different treatment durations (0, 5, 7, 15 , and 20 days of dehydration). Seven samplepairs, being A5 versus A0, A7 versus A0, A15 versus A0, A20 versus A0, A7 versus A5, A15 versus A7 and A20 versus A15 were chosen in this study. There were, respectively, 2276, 5626, 11,719, 14,892, 855, 4593 , and 5170 DEGs identified in these pairwise comparisons (Fig. 7) , with most being shared among the seven pairs. The results indicated that the number of DEGs between each sample and the blank control (A0) increased with the increasing degree of drought stress. However, the number of DEGs among different samples (A5 vs. A7, A7 vs. A15, A15 vs. A20.) was significantly less than that between each sample and A0 (A5 vs. A0, A7 vs. A0, A15 vs. A0, and A20 vs. A0). For example, a total of 5626 DEGs were found in A7 versus A0, considerably more than the number of DEGs in A7 versus A5 (855). Furthermore, with increased drought stress, the number of up-regulated DEGs among different samples also increased. The number of down-regulated genes was significantly higher in A7 conditions than in A5 conditions. However, the number of upregulated genes were significantly higher in A15 conditions than in A7 conditions. 
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According to the enrichment analysis, DEGs in A5 versus A0, A7 versus A0, A15 versus A0, A20 versus A0, A7 versus A5, A15 versus A7, and A20 versus A15 were classified into 16 cellular component categories, ten molecular function and 23 biological process categories (Figs. S3-S9 ). The largest category in cellular components was ''integral component of membrane''. There were 544, 1286, 2425, 3147, 186, 1042 , and 1244 DEGs enriched in A5 versus A0, A7 versus A0, A15 versus A0, A20 versus A0, A7 versus A5, A15 versus A7, and A20 versus A15, respectively. The ''oxidation-reduction process'' was the largest category of the biological process, with 288, 511, 867, 1139, 82, 452, and 404 DEGs enriched in A5 versus A0, A7 versus A0, A15 versus A0, A20 versus A0, A7 versus A5, A15 versus A7, and A20 versus A15, respectively. In the molecular function group, the largest category was ''metal ion binding'' in A5 versus A0 (117), A15 versus A0 (490), A20 versus A0 (635), A15 versus A7 (231), and A20 versus A15 (239) and ''DNA binding'' in A7 versus A0 (317) and A7 versus A5 (59).
Based on the KEGG enrichment analysis of DEGs, 127, 132, 133, 133, 113, 132 , and 131 metabolic pathways were obtained from DEGs in seven sample-pairs, which were, respectively, A5 versus A0, A7 versus A0, A15 versus A0, A20 versus A0, A7 versus A5, A15 versus A7, and A20 versus A15. Most DEGs were involved in ''global and overview maps'' and ''carbohydrate metabolism''. The Enriched Pathways of DEGs from seven sample-pairs (above mentioned) are shown in Figs. S10-S16. The top three enriched pathways in each comparison pair are indicated in Table 1 . Among the seven sample-pairs, the top-three enriched pathways were mainly involved in ''biosynthesis of secondary metabolites'', ''carbon metabolism'', and ''glycolysis/gluconeogenesis''. The number of up-DEGs in the top-three enriched pathways from A5 versus A0, A7 versus A0, and A7 versus A5 were more than that of down-DEGs.
SSRs, SNP/InDel and TF in the transcriptome library
There were 17,456 SSR motifs identified using MISA, from 94,769 examined sequences, including 2716 sequences containing more than 1 SSR. The total number of examined sequences was 182,133,171 bp. Specifically, trinucleotide repeats (39.21%) were the most abundant motif in all examined SSR, followed by mono-nucleotide (27.36%), di-nucleotide (26.45%), penta-nucleotide (2.65%), hexa-nucleotide (2.42%), and quad-nucleotide (2.11%; Fig. 8 ). The tri-, mono-, and di-nucleotides (92.81%) represented the majority, while the remainder accounted for less than 8%. In total, 232 different types of SSR motifs were identified in this study. The Mono-, di-, tri-, tetra-, penta-, and hexa-nucleotide repeats had 2, 4, 10, 23, 64, and 129 types, respectively. The five most abundant types were A/T (4373), AT/AT (2517), AAC/GTT (1955), AG/CT (1635), and AAT/AAT (918) ( Table S3 ). On the other hand, ACAG/CTGT, AAAAG/CTTTT, and AAAATC/ATTTTG were the most frequent quad-, penta-, and hexa-nucleotide motif types, but their proportions were very small. Interestingly, only 26 SSR motifs belonged to CG/GC types. The most mono-nucleotide motifs ranged from 12 to 16 repeats and among them, two had 27 repeats, which were (A) 27 and (T) 27. Furthermore, we found that most di-nucleotide motifs ranged from six to seven repeats, while more than half of the tri-nucleotide motifs ranged from three to four repeats. There was a majority of pentanucleotide and hexa-nucleotide motifs with four repeats. Although quad-nucleotide motifs with five repeats accounted for 73.71% (272 out of 369), there was also one with 32 repeats, namely (ATCC/ATGG) 32 .
The analysis of SNPs/InDel (Fig. 9) showed a total of 479,831 SNPs in A7, which was the most abundant among the five samples. A total of 12 type SNPs were identified, which were all intergenic variations. There were a large proportion of A ? G, G ? T, G ? A, and T ? G type transitions, while the others were still quite low. A total of 80,132 InDels were also identified, which is significantly Fig. 9 The statistics Statistics of SNPs/InDel. This is the average of three replications from each sample. Blue: total SNPs, Orange: total InDels
Journal of Plant Biochemistry and Biotechnology lower than the SNPs found in this study. Similarly, the most abundant InDels were found in A7, while the least were in A5. According to the length of each InDel sequence, which were grouped into two classes: class I (n \ 20 nucleotides) and class II (n C 20 nucleotides), most InDel from the five samples had sequence lengths ranging from one to three nucleotides, while only a few had longer sequences in class II. A total of 3746 TFs distributed in 53 transcriptional factors families were obtained from the five samples. The five top gene families were bHLH (413), MYB (288), MYB-like (269), C2H2 (255), and bZIP (217; Fig. 10) , while a few TFs were involved in the STAT, ZF-HD, and RAV families. In addition, 183, 493, 738, 923, 203, 358 , and 345 differentially expressed TFs (DETFs) were identified in seven pairwise comparisons, including A5 versus A0, A7 versus A0, A15 versus A0, A20 versus A0, A7 versus A5, A15 versus A7, and A20 versus A15. Similarly to the results of differentially expressed genes, the number of DETFs between each sample and the blank control (A0) increased with the increasing degree of drought stress. However, the number of DETFs among different samples was significantly lower than that between each sample and the blank control (A0), with the exception of A5 versus A0. Furthermore, as the duration of drought increased, the number of down-regulated DETFs among the seven pairs was more than that of up-regulated DETFs. Among them, a TF in the MIKC family was down-regulated more than sixfold in A5 versus A0, being the largest of all down-regulated DETFs.
Confirmation of DEGs using quantitative realtime PCR (qRT-PCR)
To confirm the results of RNA-Seq, ten differentially expressed genes from okra leaves under drought stress with expression changes more than fivefold were selected and their amount of gene expression was evaluated by qRT-PCR. Our results revealed that all these DEGs exhibited similar expression patterns to those observed in RNA-Seq, demonstrating that the RNA-Seq results were reliable in this study (Fig. 11) .
Physiological indicators of okra under drought stress
To determine the physiological and biochemical mechanisms of okra responding to drought stress, eight related indexes including photosynthetic rate, stomatal conductance, CO 2 concentration, chlorophyll content, soluble protein, proline, soluble sugar and malonaldehyde (MDA) contents were detected in this study. They all exhibited significant changes under different drought stress treatments (Table 2) . Specifically, the stomatal conductance and net photosynthesis rates in the blades were reduced with increasing the intensity of water shortage. The chlorophyll content in the blades increased initially and then decreased. The CO 2 concentration, soluble protein, proline, soluble sugar, and malondialdehyde contents of okra also decreased when increasing the intensity of water shortage. In particular, MDA levels rapidly increased with increasing drought intensity, exhibiting significant differences among the different treatments.
Discussion
Extensive research has demonstrated that water-limited conditions have significant effects on the growth, development and yield formation of okra. Understanding the genetics of traits and genes related to drought tolerance would enable the development of some new drought-tolerant cultivars using genome-editing techniques or molecular breeding (Mahdavi et al. 2018) . Plants often resist abiotic stress by altering their physiological and metabolic processes and gene expression patterns. In this study, we used the RNA-Seq method to reveal gene expressions accompanying the physiological response of okra blades to drought stress. The results showed that the average total mapped reads of transcriptome were [ 70%, with approximately 60% of transcripts longer than 1000 bp (N50), indicating a successful assembly is available for subsequent bioinformatics analysis. A large number of differentially expressed genes responding to drought stress Fig. 11 The qRT-PCR results of 10 ten DEGs. b-Actin was used as an internal control for normalization. The Y-axis indicates gene expression levels Table 2 The pPhotosynthetic traits of leaf leaves in okra under different drought stress treatments All eight of the critical physiological and biochemical indexes were investigated at five time points (0, 5, 7, 15, and 20 days) TC total chlorophyll, Pn photosynthetic rate, Gs stomatal conductance, Ci CO 2 concentration, SP soluble protein, PRO proline, SS soluble sugar, MDA malonaldehyde *Lowercase letters in the same column represent significant differences at the level of p \ 0.05 # Capital letters in the same column represent significant differences at the level of p \ 0.01
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were identified in our study with a tendency for the number of DEGs to increase with increasing drought intensity. This tendency implies that the higher the degree of drought, the more obvious the effect on gene expression in plants. Similar results were also reported on other plants, such as Camellia oleifera (Dong et al. 2017; Xia et al. 2014) and Cicer arietinum L. (Mahdavi et al. 2018 ).
According to the GO analysis, most of the DEGs were involved in ''integral component of membrane'' ''oxidation-reduction process'', ''metal ion binding'' and ''DNA binding'' from the seven pairs mentioned earlier. This suggests that DEGs in this cellular component, biological process, and molecular function groups would be associated with drought tolerance in plants. The expression of late embryogenesis abundant (LEA) proteins, heat shock proteins (HSP), and dehydrins were induced under water deficit and all of them may display a key role in the stabilization of membranes (Harfouche et al. 2014) . These proteins are the products of DEGs involved in ''integral component of membrane''. Some genes that display roles in oxidation-reduction process were identified in angiosperms and in gymnosperms under drought stress, such as fatty acid desaturases (FADs) genes (Yasemin et al. 2018) . Furthermore, DNA binding proteins, such as CDC5 in Arabidopsis, have been shown to control many biological processes, including development and adaptations to abiotic stress (Zhang et al. 2013) . Genes often play a role in certain biological processes by interacting with each other. The DEGs involved in metal ion binding process or DNA binding process are likely to enhance the drought resistance of plants through the regulation of expression of downstream target genes or accumulation of microRNAs.
Moreover, Pathway analysis can help us to better understand the genetic function and metabolism of plants. We found that the majority of DEGs were enriched in the ''biosynthesis of secondary metabolites'' pathway. Secondary metabolites were induced with biotic and abiotic stresses, which affect plant growth and development (Fox et al. 2017) . The involvement of secondary metabolites in response to drought stress is extremely complicated and depends on various parameters (Niinemets 2016) , Water deficiency could damage plant secondary metabolism, thereby interfering with the normal growth, leading to chlorosis, or even death. We also found that 3679 unigenes were mapped to ''environmental information processing'' based on the KEGG pathway. Among these, 3188 unigenes were related to ''signal transduction'', implying that signal transduction processing may affect plants in response to adverse environmental stress (Dong et al. 2017) .
As classic genetic markers, SSRs are also known as microsatellites, which are extensively distributed in plant genomes, while SNP is defined as a type of polymorphism caused by the variation of a single nucleotide at the genome level. These molecular markers are widely used in crop genetic breeding. We found that the proportion of tri-, mono-and di-nucleotide (92.81%) was the largest among the SSRs examined under drought stress. This result is consistent with the SSRs distributions examined in alfalfa (Wang et al. 2013) , barrel medic (Gupta and Prasad 2009) , chickpea (Choudhary et al. 2009 ), castor bean (Qiu et al. 2010) , peanut (Liang et al. 2009 ), and sweet potato (Wang et al. 2011 ). According to these SSR markers, we designed 62,463 primer pairs, which were involved in 12,693 unigenes. Their subsequent verification will be carried out using the PCR method.
We also found many differently expressed transcriptional factors in our study, which are widely implied in drought resistance. Several studies (Agarwal et al. 2016; Yoshida et al. 2015; Liu et al. 2016) have reported that TFs were considered to have vital roles in accommodating and resisting drought conditions. We identified abundant TFs belonging to the bHLH (413), MYB (288), MYB-like (269), C2H2 (255), and bZIP (217) families, which is consistent with reports on kabuli chickpea (Cicer arietinum L.) (Mahdavi et al. 2018 ) and tea oil camellia (Camellia oleifera) (Dong et al. 2017) . Following this, we would like to select several key TFs as candidates for functional verification.
Our results showed that the stomatal conductance and net photosynthesis rate in blades were reduced and the CO 2 concentration, soluble protein, proline, soluble sugar, and malondialdehyde contents of okra were decreased with increasing drought stress intensity. The chlorophyll content in the blades increased initially and then decreased, which is consistent with Rabert's (Rabert et al. 2013 ) report on okra, and also consistent with the reports on rice (Reddy et al. 1998) and Zea mays (Jiang and Zhang 2002) . The chlorophyll content, stomatal conductance, net photosynthesis rate, and CO 2 concentration are a series of important indexes, reflecting the photosynthesis in plants. Our results suggeste that drought stress significantly inhibited photosynthesisin the leaves of okra, and the incidence was correlated with the degree of drought, which is consistent with Altaf's results (Altat et al. 2015) . Free amino acid proline, soluble protein, and soluble sugar are the most common osmolytes used in maintaining high turgor for drought adjustment (Krasensky and Jonak 2012) . Accumulation of proline soluble sugar and soluble protein may counteract the damage induced by water shortages. Furthermore, MDA is a highly active lipid peroxide that can affect the balance of an active oxygen metabolism system (Song et al. 2016) . The MDA contents in okra increased under drought stress, indicating that the peroxidation in cells was high and the cytoplasmic membrane would be impaired. Drought stress can increase intracellular reactive oxygen species (ROS) to explode, thus causing intracellular metabolic disorders. Plants may resist the damage induced by drought stress by improving their antioxidant capacity.
The response of plants to drought stress is very complex because of the interactions between drought stress factors and the physiological and biochemical indexes affecting plant growth and development. Therefore, the relationship between gene expression and metabolism deserves further study in order to fully reveal the physiological and molecular mechanisms of drought tolerance in plants.
Conclusion
Our findings reveal the differential gene expression profiles of okra in response to drought stress and corroborat other findings showing water deficits can significantly alter the expression of some critical genes and transcription factors involved in secondary metabolism. These results may help explain the underlying drought resistance mechanisms in plants.
